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Abstract—Treatment options for osteoarthritis (OA) beyond
pain relief or total knee replacement are very limited. Because
of this, attention has shifted to identifying which factors
increase the risk of OA in vulnerable populations in order to
be able to give recommendations to delay disease onset or to
slow disease progression. The gold standard is then to use
principles of risk management, ﬁrst to provide subject-
speciﬁc estimates of risk and then to ﬁnd ways of reducing
that risk. Population studies of OA risk based on statistical
associations do not provide such individually tailored infor-
mation. Here we argue that mechanistic models of cartilage
tissue maintenance and damage coupled to statistical models
incorporating model uncertainty, united within the frame-
work of structural reliability analysis, provide an avenue for
bridging the disciplines of epidemiology, cell biology, genet-
ics and biomechanics. Such models promise subject-speciﬁc
OA risk assessment and personalized strategies for mitigating
or even avoiding OA. We illustrate the proposed approach
with a simple model of cartilage extracellular matrix synthe-
sis and loss regulated by daily physical activity.
Keywords—Biomechanical modeling, Subject-speciﬁc risk
prediction, Cartilage degeneration, Structural reliability
analysis, Extracellular matrix.
INTRODUCTION
Osteoarthritis (OA) is not easy to deﬁne, predict or
treat.31 Despite extensive research costing many bil-
lions of dollars, no drugs have been proven to modify
the biological progression of OA, and only a few
treatments are proven to relieve symptoms beyond the
placebo effect.38
Given this failure to ﬁnd an eﬀective post-diagnosis
treatment, perhaps attention should turn to preventing
or delaying the onset of cartilage degeneration.31
Unfortunately this too is problematic. Except in the
particular cases of OA following traumatic injury such
as ACL or meniscal damage,5,15,45,58 there are many
potential interacting causes of OA in an individual. So-
called ‘conservative management’ methods (such as
planned exercise programs) target subpopulations ei-
ther at risk of developing OA or rapidly progressing to
surgical interventions, such as total knee replace-
ments,41 but to be fully effective these methods rely on
accurate prediction of susceptible groups.
To date, OA prediction has largely been driven by
epidemiological studies that associate risk factors with
the likelihood of developing OA.9,12,18,20,27,28,40,54,56,57,64
A few risk factors recur: for knee OA, these are age, high
BMI, low physical activity, high physical activity, muscle
weakness, previous injury/surgery (ACL injury and
reconstruction, meniscal damage and partial meniscus
removal), gender and depression.2,3,5,12,47,68 Genetic pre-
disposition is also important,28 but this is currently dif-
ﬁcult to measure clinically beyond risk associated with
family history and its effect on, for example, skeletal
anatomy.
Population studies are valuable for long-term
healthcare resource planning and for providing general
advice about the risk of developing OA. However, this
does not translate into patient-speciﬁc estimates of the
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relative or absolute risk of developing OA. By pro-
viding personalized risk estimates, people could be
motivated to change their modiﬁable risk factors or to
alter decisions when planning the future. This could
include making informed decisions about their housing
(e.g., avoid stairs and steep terrain), occupation (e.g.,
avoid heavy manual work), lifestyle (e.g., ensure ade-
quate nutrition) and recreational activities (e.g., avoid
certain sports). Patient-speciﬁc prediction may also
prove important when deciding about future surgery,
since implant revisions become more likely with
increasing time post-surgery, so the usual advice is to
delay joint replacement as long as possible. For these
reasons, accurate and timely patient-speciﬁc risk pre-
diction is a highly attractive goal.
In this paper, we present what we believe is the most
promising and rational approach to realizing this goal:
developing patient-speciﬁc computational models of
the physiological systems related to OA onset and
progression, combined with data on population sta-
tistical variability. Unlike purely statistical studies,
computational modeling allows us to systematically
integrate both environmental and genetic patient-
speciﬁc information into a single model. By integrating
diverse sources of information in their biological con-
text, a computational model can transform unex-
plained variability into explained variability, thereby
enabling accurate OA risk predictions.
Which kinds of models will be most eﬀective in
turning unexplained variability into explained variabil-
ity? In the following, we ﬁrst attempt to quantify the
fractions of disease incidence that are due to environ-
mental and genetic (including epigenetic) factors. This
helps us decide what kind of model might bemost useful
in reducing uncertainty in patient-speciﬁc risk predic-
tion. In turn, this enables us to estimate what may be
achieved using computational models that focus on
environmental inputs to drive physiologically-based
models, rather thanmodels that focus on genetic factors
as inputs (which are harder to quantify). We then illus-
trate our approach to patient-speciﬁc OA prediction
using a simple model that is based on known physiology
of cartilage tissue. In advocating this approach we also
describe an analogous approach from engineering de-
sign, called structural reliability analysis. We argue that
assessing risk and modes of failure is an appropriate
intellectual framework for understanding cartilage OA
risk both for an individual and across sub-populations.
POPULATION VARIABILITY:
ENVIRONMENTAL AND GENETIC FACTORS
Ageing is one of the strongest risk factors for OA.
For example, the incidence of radiographic OA in the
Framingham study was 19% for those over 45 years
old, while in the NHANES (III) survey it was 37% for
those over 60.63 Predictions can be reﬁned beyond age
alone by stratifying a population according to one or
more criteria and ﬁnding the relative risk between the
strata at a particular age. Using this approach, obesity
emerges as another strong risk factor: compared to a
baseline body mass index (BMI) of 22.5, the risk of
developing OA increases 1.6 times at a BMI of 25, 3.6
times at a BMI of 30, and 7.5 times at a BMI of 35.68
Other risk factors identiﬁed include walking patterns,
muscle mass, activity levels, occupation (e.g., heavy
manual labor and particularly those occupations
involving carrying heavy loads, stair-climbing, squat-
ting and kneeling), history of joint injury, history of
previous joint surgery, family history of OA, genetic
factors (including anatomical variations of the
musculoskeletal system), depression and gen-
der.9,17,20,24,27,29,30,43,55,61
Studies on twins reveal that environmental risk
factors account for between 40 and 60% of OA inci-
dence, with the remaining 60–40% of complementary
risk put down to genetic inheritance.50,57,61 There are
wide bounds on these estimates because there is a
strong interaction between environmental stressors
and an organism’s genetically ordained capability to
respond to these stressors, which can be difﬁcult to
quantify by population studies. Only recently has epi-
genetics been shown to play a potentially important
role;67 this further confounds the clear separation of
genetic and environmental factors, as epigenetics are
not only inﬂuenced by ancestors but may also change
over a person’s lifetime. However, if environmental
risk factors are deemed modiﬁable, then perhaps as
much as 60% of OA may be modiﬁable or even
avoidable. This suggests that a model focusing on
environmental risk factors may be both feasible and
useful. Presumably an even greater percentage of the
population may be able to delay the onset of OA if
provided with appropriate advice. Even if one-third of
this upper bound estimate can be realized in practice, a
20% reduction in OA and a greater percentage with
delayed onset would represent a signiﬁcant contribu-
tion to public health.
In general, excluding autoimmune or other diseases
resulting from system dysregulation, most disease
states are only realized when environmental conditions
stress an organism, or more precisely an organ or tis-
sue within that organism, beyond its repair capabili-
ties. If this capability is chronically exceeded, tissue
function deteriorates and the tissue inevitably pro-
gresses towards a diseased (i.e., pathological) state.
Well after unsustainable processes have commenced, it
is eventually recognizable clinically as a chronic disease
(in our case, OA). Closer examination reveals that
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many of the known risk factors for knee OA relate to
the mechanical environment experienced by the vari-
ous joint tissues. For example, since cartilage already
faces compressive stresses up to 10 MPa or even
20 MPa1 which would quickly obliterate any other soft
tissue, it is unsurprising that additional mechanical
stressors have adverse consequences.23,60 In fact, large
loads can both cause degradation6,22,34,36,53 and stim-
ulate repair,10,11,22 implying that the mechanical envi-
ronment controls a delicate balance between damage
and repair.
Importantly, many of these mechanical risk factors
are clinically modiﬁable.21 For this reason we have
been motivated to develop biomechanical models of
cartilage based on tissue turnover of extracellular
matrix (ECM) components. The computational model
developed later in this paper explicitly incorporates
damage and repair processes for three key matrix
components, albeit at a high level omitting the speciﬁcs
of the processes involved. From the model output an
assessment can be made of the tissue’s sustainability
for a variety of environmental loadings, from which
predictions can be made about the likelihood of an
individual developing OA. In the next section we dis-
cuss cartilage ECM and its damage and repair, before
applying this in a ﬁrst generation patient-speciﬁc risk
prediction model based on cartilage degeneration.
CARTILAGE EXTRACELLULAR MATRIX AND
MECHANICAL FAILURE
The ECM of cartilage includes dozens of collagens,
proteoglycans, and glycoproteins,25 all enmeshed
within intratissue water, called the interstitial ﬂuid
(Fig. 1). Arguably the two most structurally important
macromolecules that regulate the tissue’s biomechani-
cal functional properties are type II collagen and the
proteoglycan aggrecan (as aggregate). The stiffness of
cartilage under compression comes from both the
repulsion between negatively charged aggrecans and
the difﬁculty that the ﬂuid has in squeezing out of the
tissue.22,49 The interstitial ﬂuid leaving the tissue then
helps to give cartilage its famously low frictional
properties via so-called mixed-mode lubrication.42 In
addition, collagen helps resist shear loads and the loss
of aggrecan itself, which otherwise would swell apart
and be rapidly lost from cartilage.49
In the clinical literature there is some discussion as
to whether to deﬁne OA by clinical symptoms, like
pain and disability, or by structural changes inferred
through radiology or MRI.16,26 We take a more
function-oriented approach and consider OA as an
inability of cartilage to maintain its functional
mechanical properties: the tissue has failed when
fundamental mechanical variables, such as deforma-
tional resilience and interstitial ﬂuid pressure, fall be-
low levels required to maintain tissue integrity. Note
that the root cause of this failure may be internal or
external to the cartilage tissue; indeed, OA is com-
monly regarded as a disease of the whole joint.37 Our
functional deﬁnition of OA is consistent with that
advocated by the Osteoarthritis Research Society
International (OARSI) for early identiﬁcation of OA
risk and progression.31
Although chondrocytes are known to adjust the
ECM in response to chemical and environmental sig-
nals,10,22 substantial and/or long-term changes in these
signals make the tissue more vulnerable to failure. This
can occur through various mechanisms (exempliﬁed in
Fig. 2). Excessive tissue deformation, from either
abnormally large sustained loads or abnormally weak
tissue, can cause chondrocyte apoptosis.36 Insufﬁcient
lubrication between contacting cartilage surfaces or
excessive activity will lead to excessive cartilage wear33
(as experienced by plumbers14 or cross-country
skiers,44 for example). On the other hand, too low
activity or static loads are known to inhibit ECM re-
pair by retarding chondrocyte synthesis of aggrecan
and collagen.
If we are to understand the biomechanical factors
contributing to tissue failure, or OA, we need to start
by understanding how observable diﬀerences in joint
loads and geometry translate to changes in the
mechanical environment experienced by the cartilage
itself. More generally, since OA is rarely—if ever—the
result of mechanics alone, a so-called mechanistic
model of cartilage homeostasis is needed.
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FIGURE 1. Aggrecan, produced by chondrocytes, carries a
strong negative charge. The resulting repulsion (electrical and
osmotic, represented by the small red arrows) gives cartilage
a tendency to swell.22 The collagen network within the carti-
lage (anchored to the underlying bone) provides cartilage with
tensile strength and constrains the swelling and release of
aggrecan to the joint space.22 The collagen is therefore nor-
mally under tension (large red arrows). Illustration not to
scale.
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MECHANISTIC MODELS VS. STATISTICAL
MODELS
A mechanistic model is one pertaining to the
underlying physical, chemical and biological mecha-
nisms, describing how these processes interact and
evolve in time. Far from being limited to mechanical
loading alone, such a model could also involve cell
signaling pathways, metabolic eﬀects, ECM synthesis
and proteolysis, and so on. Unlike a purely statistical
approach, an appropriate mechanistic model allows
experimental data to be placed in its proper context.
For example, the interaction of the insulin-like growth
factor IGF-1 with the binding proteins and proteases
found in serum, synovial ﬂuid and cartilage only makes
sense when it is placed in the context of diﬀusive
transport into the tissue and the ability of the tissue to
regulate its exposure.62,66 BMI furnishes a simpler
example: we know it is statistically connected to OA
risk, but whether or not this is due to mechanical
reasons can only be ascertained in a subject-speciﬁc
model of cartilage mechanics incorporating knee
geometry and the equations of mass and momentum
balance. Furthermore, a mechanistic model enables ‘in
silico’ experiments to investigate disease processes or
reveal treatment strategies based on an individual’s
combination of ‘parameters’.
The above somewhat rosy view of mechanistic
modeling is undermined by imperfect knowledge of
model structure and parameter values. The art of
modeling is intuiting a model structure that can give
insight into the question being asked. For example, we
have argued above that focusing on turnover of the
ECM is an appropriate conceptual starting point for
questions related to OA prediction. Others might
choose a diﬀerent model structure (e.g., focus on joint
forces). There is no single right way to model OA
mechanistically, and model structure will vary with the
modelers and the speciﬁc question being addressed.
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FIGURE 2. Illustration of two potential mechanically initiated failure pathways to OA. Note other pathways (not shown), either
mechanical or non-mechanical, may also initiate OA. (a) Normal healthy cartilage may experience (b) long-term overuse or
repetitive small loads, which causes wear at the cartilage surface and exposes chondrocytes to high strains by the resulting
consolidation under cyclic loading. (c) Alternatively, healthy cartilage may experience a high impact (short-term) load leading to
splits, chondrocyte death, cytokine release with protease-mediated ECM degradation, and damage to the subchondral bone. (d)
Ultimately, both routes result in failure as the cartilage repair capacity is exceeded.
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It is useful here to treat model uncertainty as
belonging to two main types. Imagine a model for a
generic person. Many of the model parameters and
even the core structure of the model, such as the phe-
nomena it includes, will be only known to within a
range; we call this population uncertainty. In contrast
to population uncertainty, we refer to individual
uncertainty as how a particular individual may vary
from this generic person. Whenever uncertainty arises,
stochastic approaches need to be coupled to mecha-
nistic models.
Nevertheless, it may be possible to remove some of
the unexplained population variability weakening the
association between, for example, current biomechan-
ical risk factors and OA outcomes. Indirect mechanical
measures of loading of the medial compartment of the
knee, such as knee adduction moments, provide a
much better prediction for OA progression than body
weight or frontal plane knee alignment, either alone or
in combination.46 Extrapolating, we would expect that
if even more relevant biomechanical factors were to be
evaluated, such as the duration of lubrication and tis-
sue consolidation, unexplained population variability
may be reduced and so our predictive ability would
increase. These subject-speciﬁc tissue mechanical con-
ditions are likely to be a stronger metric to associate
with OA risk than, say, BMI or knee adduction mo-
ments (Fig. 3). A multiscale subject-speciﬁc modeling
FIGURE 4. Workflow for integrating imaging, gait and cartilage quality data into a multiscale subject-specific model of human
knee cartilage. For further discussion on each component, see host-mesh fitting,19 EMG-informed muscle forces in gait,35 knee
cartilage stress–strain,7,8 and poroelastic models of cartilage.49,59,65 We argue that tissue-level metrics of cartilage consolidation
and fluid exudation will have a stronger association with cartilage loss and defect enlargement than risk factors used in previous
studies.
FIGURE 3. Conceptualizing cartilage mechanical environ-
ment metrics that incorporate more known factors.
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approach, as depicted in Fig. 4, may be able to provide
these stronger metrics.
STRUCTURAL RELIABILITY ANALYSIS
Osteoarthritis can be viewed as a condition in which
the ECM components fail to deliver the required
mechanical function under the loads experienced. The
advantage of expressing the disease problem this way is
that we begin to see cartilage as a structure, which has
a risk of failure (due to cell death or excessive pro-
teoglycan loss, for example) when subjected to varying
and uncertain loads. This allows us to invoke well-
established concepts and methods from structural
reliability analysis4,51 to predict OA risk.
Conceptually, structural reliability analysis is sim-
ple. When designing a structure, such as bridge, an
engineer chooses particular structural components in
order to resist an expected load, such as wind or
earthquake. This load is generally not a single value,
but rather a distribution of potential values. However,
as structures become more complex, variability in the
properties of structural components (variation in strut
thicknesses, for example) introduces uncertainty into
the ability of the structure to resist a given load. The
engineer’s task is then to compare the expected loads
and the structure’s likely resistance in order to estimate
the risk of failure. This is done by estimating a prob-
ability density function for the expected loads and
another for the structure’s ultimate load, called its
resistance. The overlap in these two densities, where
the load exceeds the structure’s ability to resist it, then
relates to the risk of failure (Fig. 5).
In cartilage we can estimate the distribution of
mechanical loads using the subject-speciﬁc multiscale
approach illustrated in Fig. 4, combined with measures
of subject activity levels. The cartilage resistance to this
load depends on what would otherwise be regarded as
biological processes of ECM synthesis and loss
through the action of proteases, mechanical damage
and transport through the tissue surface. Non-me-
chanical challenges, such as inﬂammatory cytokines or
hormonal changes, enter via the ability of cartilage
ECM to be sufﬁciently maintained to provide a resis-
tance to the distribution of potential loads. Mecha-
nistic models for each of load and resistance would be
used along with the uncertainty in each model variable
to create the probability density functions found in
Fig. 5.
The terms ‘load’ and ‘resistance’ broaden to ‘gen-
eralized loads’ and ‘generalized resistances’ for the
potentially many dimensions upon which the
mechanical and chemical function of cartilage can be
assessed and the many resulting failure modes. In
Figs. 3 and 4 we suggested, for example, that the
consolidation and ﬂuid exudation rate may lead to
increased cartilage damage, via increase in cell death,
collagen damage and surface wear. We can reframe
this loss of ﬂuid exudation under sustained load as a
short-term loss of the cartilage to achieve the
mechanical function of adequately lubricating the
joint, with long-term consequences of excessive carti-
lage wear and eventual failure of the joint. Alterna-
tively, excessive tissue deformation can lead to an
increased rate of cell death, reducing tissue repair
capacity in the short term and causing the eventual
failure of the tissue to evenly distribute contact loads in
the long term. In general, the distributions depicted in
Fig. 5 are only snapshots in time that will, in fact,
evolve, and OA can be due to changes in the distri-
bution of either the load, or the resistance, or both: an
otherwise normal individual may develop OA simply
by shifting the load proﬁle, or an individual with
activity within the normal range could develop OA
because they have a genetic proﬁle such that their
ECM is less resistant to mechanical loading.
Although Fig. 5 is useful for depicting the basic
concepts, it falls down if there are multiple modes of
failure (each requiring its own axis in Fig. 5) or if, as
for cartilage, the resistance changes in time through
load-dependent damage and repair. In these cases, load
and resistance distributions are difﬁcult, if not impos-
sible, to compute directly, and it is instead appropriate
to proceed by simulating a large number of realizations
of a stochastically loaded mechanistic model. Speciﬁ-
cally, in each realization, model parameters are ran-
domly selected from an expected range and the
structure is allowed to evolve. For cartilage this pro-
cess can be considered either equivalent to computa-
tionally creating a study population of subjects based
on population variability (population uncertainty) or
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FIGURE 5. Structural reliability analysis: the risk of failure
increases as the distribution of expected loads increasingly
overlaps the distribution of the expected ultimate load of the
structure (resistance). The load measure need not be a pres-
sure or force, but rather some generalized measure of the
duress under which the structure has been placed.
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building up potential outcomes for an individual based
on a subject’s parameter uncertainty (individual
uncertainty). We will exemplify this approach in the
following section using a simple but informative
model.
EXAMPLE OF AN OA RISK PREDICTION
MODEL
To illustrate the core principles discussed above, we
now construct an elementary mechanistic model of
long-term cartilage health for the purposes of OA
onset prediction. Although such a model may be too
simplistic to produce accurate patient-speciﬁc predic-
tions as it stands, it serves as a concept for a modular,
updatable model, making explicit the key inputs
required from the many investigators involved in car-
tilage research, such as epidemiologists, cell biologists,
geneticists and biomechanical scientists.
MODEL CONSTRUCTION
The model tracks the densities of three main carti-
lage tissue components: chondrocytes, aggrecan and
collagen. These are represented by their spatial aver-
ages. Let nt denote the average number density of
chondrocyte cells in the cartilage at time t (measured in
days). Similarly, let at denote the average mass density
of aggrecan (assumed mostly bound in aggregates),
and let ct denote the average mass density of collagen
(assumed mostly structural type II). These are updated
over time according to damage and repair rules that
depend on randomly generated physical activity.
First, we characterize the mechanical loading of the
tissue. Suppose that on day t, the subject performs
activities amounting to loading the tissue with some
stress rt at an overall frequency ft when averaged over
the whole day. These are drawn from distributions
whose parameters depend on the subject’s daily habits.
For simplicity, we assume these distribution parame-
ters are constant in time.
If the activity continues for long enough, then the
tissue will consolidate to an equilibrium state. We can
form a representative metric of this state by calculating
the induced cartilage strain et using a simpliﬁed one-
dimensional consolidation model. For simplicity we
assume the tissue is homogeneous, though a reﬁned
model would likely require spatial variance of the
cartilage geometry and material parameters.59 Now,
suppose that the strain et is borne entirely by the
aggregates. It is known that aggrecan of density a has
an osmotic pressure ﬁtting the virial expansion6
P að Þ ¼ RT a1aþ a2a2 þ a3a3
 
, with parameter values
given in Table 1. However, under a compressive strain
e>0, the true local aggrecan density is a=ð1 eÞ.
Therefore at a consolidated equilibrium, balancing the
osmotic pressure of compressed aggrecan against the
imposed stress rt yields the stress–strain relation
P at1et
 
¼ rt. This can then be solved for et, the strain
at equilibrium.
We now need a loading metric to stimulate the car-
tilage tissue damage and repair models. The equilib-
rium strain can be combined with the loading frequency
ft to form the daily activity level At ¼ etft, a simple
metric of how vigorous the day’s activity has been from
the viewpoint of the cartilage. This daily activity level
will then be an input into the model’s damage and re-
pair processes to calculate the stimulated production
and loss of the three cartilage components.
Next, we formulate the damage and repair equa-
tions for the chondrocytes nt, aggrecan at and collagen
ct. Chondrocytes can repair, to some extent, by pro-
liferation; this is noticeable in osteoarthritic condi-
tions, perhaps to replenish chondrocyte loss and
increase the ECM repair capacity, though in healthy
tissue chondrocyte turnover is low. Conversely, chon-
drocytes can be driven to apoptosis either by repetition
of high load events or by one single extremely high
load (traumatic) event, both of which result in a high
level of the activity At. To model these two competing
processes, we write
ntþ1 ¼ nt þ q nð Þ 1 nt
n 0ð Þ
 
nt  k nð ÞD nð Þ Atð Þnt
where q nð Þ is a maximal proliferation rate per day up to
a healthy number density n 0ð Þ, and D nð Þ Atð Þ is the
chondrocyte damage function rating how deleterious
the day’s activity At was on a scale from 0 to 1, with
k nð Þ the maximum fraction of chondrocytes potentially
removed per day. The damage function is taken to be a
shifted sigmoid function
D nð Þ Atð Þ¼
1þexp l nð ÞA 0ð Þ 
1þexp l nð ÞðAtA 0ð ÞÞð Þ
1þexp l nð ÞA 0ð Þ 
1þexp l nð ÞA 0ð Þð Þ
with sigmoid gradient l nð Þ and threshold position A 0ð Þ.
The latter encodes the onset threshold of tissue-af-
fecting activity levels, and will also appear in other
TABLE 1. Osmotic pressure parameters.6
Parameter Value
R 8.3 9 103 mL kPa/mol/K
T 300 K
a1 1.4 910
27 mol/mg
a2 4.4 9 10
29 mol mL/mg2
a3 5.7 9 10
211 mol mL2/mg3
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components as a universal threshold; the former en-
codes the suddenness of damage onset, whose value is
chondrocyte-speciﬁc.
Aggrecan is synthesized by each chondrocyte at
some activity-dependent rate. However, it is also lost
through the tissue surface by degradation and pres-
sure-driven advection. This loss rate will increase as the
collagen content decreases, because collagen acts to
retain aggrecan. We write
atþ1 ¼ atþR að Þ Atð Þnt k a;0ð Þ þ k a;1ð Þ exp 1 ct
c 0ð Þ
  
at
where R að Þ Atð Þ is the activity-dependent synthesis rate
per cell, k a;0ð Þ is the baseline aggrecan loss rate when
ct ¼ c 0ð Þ, with c 0ð Þ the baseline healthy collagen con-
tent, and k a;1ð Þ is the maximal additional aggrecan loss
rate as collagen depletes. The activity-dependent syn-
thesis rate is given by
R að Þ Atð Þ¼q a;0ð Þ exp  At
A 0ð Þ
 
þq a;1ð Þ 1exp  At
A 0ð Þ
  
where q a;0ð Þ and q a;1ð Þ are the minimal and maximal
synthesis rates per chondrocyte, respectively, and A 0ð Þ
is as for the chondrocytes.
Collagen is also synthesized by each chondrocyte.
On the other hand, the collagen network has a natural
rate of loss by proteolytic degradation, and can also be
directly damaged through mechanical loading or
excessive friction and wear. These processes are en-
coded as
ctþ1 ¼ ct þ R cð Þ Atð Þnt  k c;0ð Þ þ k c;1ð ÞD cð Þ Atð Þ
 
ct
where k c;0ð Þ is the baseline loss rate and k c;1ð Þ is the
maximal daily damage rate. The synthesis rate, iden-
tical in form to the aggrecan, is
R cð Þ Atð Þ¼q c;0ð Þ exp  At
A 0ð Þ
 
þq c;1ð Þ 1exp  At
A 0ð Þ
  
with new rate coeﬃcients for collagen. The damage
function is identical in form to the damage for the
chondrocytes, reading
D cð Þ Atð Þ¼
1þexp l cð ÞA 0ð Þ 
1þexp l cð ÞðAtA 0ð ÞÞð Þ
1þexp l cð ÞA 0ð Þ 
1þexp l cð ÞA 0ð Þð Þ
again with a new coeﬃcient l cð Þ.
MODEL APPLICATION TO RISK PREDICTION
A statistical approach is to view some, or all, of the
inputs (and/or model parameters) as randomly vary-
ing, and the model outputs, on repeated simulation
runs, as realizations of an underlying probability dis-
tribution for the trajectory of the tissue health over
time. This provides a more realistic and more person-
alizable approach to OA prediction on longer time
scales, as both uncertainty in parameter estimation and
variability in diﬀerent patients’ lifestyles can be incor-
porated readily. From this approach, onset predictions
can be estimated once the model is tuned to a partic-
ular patient, and, importantly, mitigation strategies
can be explored by altering these parameters.
The parameters we will use for this example are
given in Table 2. While some variables are at least
approximately known, such as cell and collagen den-
sities, others, such as loss rates in response to activity,
lack solid quantitative data. We have chosen variables
that give plausible results for susceptible patients in
order to illustrate the model, on the understanding that
future work is necessary to verify and calibrate models
like this. Exploring population uncertainty would then
correspond to varying these parameters for each sim-
ulation run. In this instance, we will hold these
parameters constant and instead explore individual
uncertainty through randomly varying daily activity.
For the distributions of the activity variables rt and ft,
we choose normal distributions of respective means r, f
and respective variances 13 r
 2
, 13
f
 2
. Choosing dif-
ferent values of r and f then allows us to simulate low-,
medium- and high-activity lifestyles.
We use the model to simulate an abrupt change in
activity. In this scenario, a person switches lifestyle
from ‘normal impact’ daily loading to either ‘high
impact’ or ‘low impact’ loading distributions, charac-
terized by adjusting the distribution parameters r, f.
The normal impact loading is at a level permitting
healthy tissue homeostasis, whereas the others are
potentially injurious regimes: high impact represents
TABLE 2. Parameter values in OA model. See Ref. 39 for
component densities.
Parameter Value
q nð Þ 0.002/day
q a;0ð Þ 1.1 9 1028 mg/day
qða;1Þ 32q
a;0ð Þ
q c;0ð Þ 1.1 9 1028 mg/day
q c;1ð Þ 32q
c;0ð Þ
n 0ð Þ 108/mL
k nð Þ 0.01/day
k a;0ð Þ 0.01/day
k a;1ð Þ 0.005/day
c 0ð Þ 170 mg/mL
k c;0ð Þ 0.006/day
k c;1ð Þ 0.01/day
A(0) 30% 9 0.3 Hz
l nð Þ 50 s
l cð Þ 100 s
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overload damage (e.g., through obesity or abnormal
activities), and low impact represents under-synthesis
(e.g., through too sedentary a lifestyle).
To characterize the overall health of the cartilage at
every point in time, we deﬁne the tissue health as the
diﬀerence of consolidated strain from 35% under a
400 kPa test load, with 35% chosen as a typical tol-
erable maximal tissue strain. A strain greater than 35%
under the test load then translates into a negative
health metric and therefore indicates potential OA
onset. One could also construct a health surrogate
based on regenerative capacity, say, to highlight
longer-term regimes of OA danger.
Figure 6 shows the effects of switching from med-
ium activity to high activity or low activity. After a
stable period at r ¼ 350 kPa and f ¼ 0:1 Hz, the
activity distribution is abruptly switched to either
r ¼ 450 kPa and f ¼ 0:12 Hz (high activity) or
r ¼ 200 kPa and f ¼ 0:02 Hz (low activity). In high
activity case, an initial rise in tissue health from
increased activity-driven synthesis is soon outweighed
by the long-term effects of damage leading to a slow
but persistent decline in tissue health. In the low
activity case, the decrease in activity-driven synthesis is
sufﬁcient to quickly drop the tissue below the indicated
danger threshold; though it does not keep decreasing
like in the high activity case, the tissue is now more
susceptible to sudden impact loading and may be at
increased risk of age-related OA. These two circum-
stances correspond to respectively shifting either the
load or resistance curves in Fig. 5, as discussed earlier.
The high activity switch exhibits a range of diﬀerent
potential OA onset thresholds depending on the par-
ticular realizations of the daily activity distribution.
This information can be best presented to a patient
through statistics of the distribution of OA onset hit-
ting times; that is, the ﬁrst time at which a particular
trajectory crosses the zero health axis. For our example
data, this distribution is given in Fig. 7, which predicts
an OA onset time of 345 ± 47 weeks.
CONCLUSIONS
We have argued that combining mechanistic com-
putational models with statistical approaches under
the umbrella of structural reliability analysis provides a
FIGURE 6. Cartilage health (as defined in the text) during an abrupt shift from medium to high activity (left) or from medium to low
activity (right). Grey lines are individual activity realizations; solid black lines are the means over all realizations, with 95%
confidence intervals in dashed black lines. Red dash-dotted line indicates the zero health OA danger threshold.
260 280 300 320 340 360 380 400 420 440
Weeks to onset
FIGURE 7. Distribution of OA danger threshold hitting times
in the high activity example of Fig. 6.
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promising framework for overcoming the current
challenges in providing subject speciﬁc recommenda-
tions for avoiding OA onset and conservatively
managing OA progression. Although multiscale sub-
ject-speciﬁc models are likely needed to encompass
more of the salient characteristics that OA patients
may present with, the example model presented here
does develop tissue changes that may well represent the
OA cartilage degradation process. We believe that by
using such models, stronger OA patient-speciﬁc risks
will be found if direct metrics for the tissue mechanical
environmental stressors, such as consolidation and
ﬂuid exudation, rather than indirect measures like BMI
and physical activity, are used.
While reliable patient-speciﬁc predictions are not yet
possible, how quickly they will emerge depends mainly
on the speed with which high quality patient-speciﬁc
data becomes available at an aﬀordable price. At pre-
sent, getting suﬃcient information to feed into a mech-
anistic model is a challenge. However, technology is
evolving rapidly. With the ongoing developments in
high-throughput genomic and proteomic technologies
and imaging technologies (including computer vision of
gait), alongsidemusculoskeletal data obtained from gait
laboratories and activity monitors in mobile phones,
data to drive patient-speciﬁc models may become
available sooner than one may think. Indeed, high
quality complete genome sequencing can now be
accomplished for less than one thousand dollars, pro-
teomic analysis is developing rapidly, and it is now
possible to analyze the blood and synovial ﬂuid to better
understand inﬂammatory drivers of OA.32 Further-
more, MRI imaging can now quantitate damage to the
collagen network following joint trauma and track col-
lagen network recovery over a number of years.13
Model development and validation will likely be
both iterative and opportunistic. It will be iterative in
the sense of a Bayesian approach: a new data set is ﬁrst
used for validation, then folded into the model cali-
bration by updating model parameters, so the model is
always improving with each data cycle. On the other
hand, development will be opportunistic in the sense
that when a new technology arises, such as phone
applications that faithfully record a person’s activity
levels, then improvements in this aspect of the model
may be driven ahead of others. New data is arriving all
the time from population and lab based studies, as well
as community wide projects such as the Knee
Osteoarthritis Initiative. We can dream of a time when,
in contrast to these relatively uncoordinated data col-
lections, the OA community starts collecting data
speciﬁcally to inform a model. This is beginning to
occur in the study of other diseases.48,52
Finally, it is important to remember that when people
refer to patient-speciﬁc models or risk predictions, it is
not expected that everything is known about the indi-
vidual. A compromise must always be made as to what
data can be obtained, and at what ﬁnancial cost and
patient inconvenience. The question should then be:
what data is most informative about the risk of OA
amongst that which can be reasonably measured? In
such an approach all other unknown variables would be
assumed to be either at the population average, or better
sampled randomly from an assumed population distri-
bution. Naturally, the clinical utility of this approach
rests on whether or not the obtainable data yields a risk
assessment more accurate than that already known for
population risk as a whole. This is yet to be seen.
However, there is utility beyond immediate clinical
application.Aswith bridge designers, simply putting the
risk assessment into this mechanistic-statistical frame-
work of structural reliability analysis helps to deﬁne the
problem, allowing us to identify new and eﬃcient
strategies to minimize the risk of failure.
ACKNOWLEDGMENTS
We acknowledge funding from NHMRC Project
Grant No. 1051538.
OPEN ACCESS
This article is distributed under the terms of the
Creative Commons Attribution 4.0 International Li-
cense (http://creativecommons.org/licenses/by/4.0/),
which permits unrestricted use, distribution, and re-
production in any medium, provided you give appro-
priate credit to the original author(s) and the source,
provide a link to the Creative Commons license, and
indicate if changes were made.
REFERENCES
1Adams, M. A. The mechanical environment of chondro-
cytes in articular cartilage. Biorheology 43:537–545, 2006.
2Anderson, A. S., and R. F. Loeser. Why is osteoarthritis an
age-related disease? Best Pract. Res. Clin. Rheumatol.
24:15–26, 2010.
3Aspden, R. M. Obesity punches above its weight in
osteoarthritis. Nat. Rev. Rheumatol. 7:65–68, 2011.
4Baecher, G. B., and J. T. Christian. Reliability and Statistics
in Geotechnical Engineering. West Sussex: Wiley, 2003.
5Barenius, B., S. Ponzer, A. Shalabi, R. Bujak, L. Norle´n,
and K. Eriksson. Increased risk of osteoarthritis after
anterior cruciate ligament reconstruction: a 14-year follow-
up study of a randomized controlled trial. Am. J. Sports
Med. 42:1049–1057, 2014.
6Bathe, M., G. C. Rutledge, A. J. Grodzinsky, and B. Tidor.
Osmotic pressure of aqueous chondroitin sulfate solution:
GARDINER et al.
a molecular modeling investigation. Biophys. J. 89:2357–
2371, 2005.
7Besier, T. F., M. Fredericson, G. Gold, G. Beaupre´, and S.
Delp. Knee muscle forces during walking and running in
patellofemoral pain patients and pain-free controls. J.
Biomech. 42:898–905, 2009.
8Besier, T., G. Gold, S. Delp, M. Fredericson, and G.
Beaupre´. The inﬂuence of femoral internal and external
rotation on cartilage stresses within the patellofemoral
joint. J. Orthop. Res. 26:1627–1635, 2008.
9Blagojevic, M., C. Jinks, A. Jeffery, and K. P. Jordan. Risk
factors for onset of osteoarthritis of the knee in older
adults: a systematic review and meta-analysis. Osteoarthr.
Cartil. 18:24–33, 2010.
10Bonassar, L. J., A. J. Grodzinsky, A. Srinivasan, S. G.
Davila, and S. B. Trippel. Mechanical and physicochemical
regulation of the action of insulin-like growth factor-I on
articular cartilage. Arch. Biochem. Biophys. 379:57–63,
2000.
11Buschmann, M., Y.-J. Kim, M. Wong, F. Frank, E.
Hunziker, and A. Grodzinsky. Stimulation of aggrecan
synthesis in cartilage explants by cyclic loading is localized
to regions of high interstitial ﬂuid ﬂow. Arch. Biochem.
Biophys. 366:1–7, 1999.
12Chaganti, R. K., and N. E. Lane. Risk factors for incident
osteoarthritis of the hip and knee. Curr. Rev. Muscu-
loskelet. Med. 4:99–104, 2011.
13Chu, C. R., A. A. Williams, R. V. West, Y. Qian, F. H. Fu,
B. H. Do, and S. Bruno. Quantitative magnetic resonance
imaging UTE-T2* mapping of cartilage and meniscus
healing after anatomic anterior cruciate ligament recon-
struction. Am. J. Sports Med. 42:1847–1856, 2014.
14Coggon, D., P. Croft, S. Kellingray, D. Barrett, M.
McLaren, and C. Cooper. Occupational physical activities
and osteoarthritis of the knee. Arthritis Rheum. 43:1443–
1449, 2000.
15Dempsey, A. R., Y. Wang, J. B. Thorlund, P. M. Mills, T.
V. Wrigley, K. L. Bennell, B. R. Metcalf, F. Hanna, F. M.
Cicuttini, and D. G. Lloyd. The relationship between pa-
tellofemoral and tibiofemoral morphology and gait
biomechanics following arthroscopic partial medial
meniscectomy. Knee Surg. Sports Traumatol. Arthrosc.
21:1097–1103, 2013. doi:10.1007/s00167-012-2075-6.
16Ding, C., F. M. Cicuttini, and G. Jones. How important is
MRI for detecting early osteoarthritis? Nat. Clin. Pract.
Rheumatol. 4:4–5, 2008.
17Eitzen, I., L. Fernandes, L. Nordsletten, and M. A. Ris-
berg. Sagittal plane gait characteristics in hip osteoarthritis
patients with mild to moderate symptoms compared to
healthy controls: a cross-sectional study. BMC Muscu-
loskelet. Disord. 13:258, 2012.
18Felson, D. T., and M. C. Nevitt. Epidemiologic studies for
osteoarthritis: new vs. conventional study design
approaches. Rheum. Dis. Clin. North Am. 30:783–797, 2004;
(vii).
19Fernandez, J. W., and P. J. Hunter. An anatomically based
patient-speciﬁc ﬁnite element model of patella articulation:
towards a diagnostic tool. Biomech. Model. Mechanobiol.
4:20–38, 2005.
20Garstang, S. V., and T. P. Stitik. Osteoarthritis: epidemi-
ology, risk factors, and pathophysiology. Am. J. Phys.
Med. Rehabil. 85:S2–S11, 2006; (quiz S12–14).
21Gonc¸alves, R. S., J. P. Pinheiro, and J. Cabri. Evaluation
of potentially modiﬁable physical factors as predictors of
health status in knee osteoarthritis patients referred for
physical therapy. Knee 19:373–379, 2012.
22Grodzinsky, A. J., M. E. Levenston, M. Jin, and E. H.
Frank. Cartilage tissue remodeling in response to mechani-
cal forces. Annu. Rev. Biomed. Eng. 2:691–713, 2000.
23Guilak, F. Biomechanical factors in osteoarthritis. Best
Pract. Res. Clin. Rheumatol. 25:815–823, 2011.
24Heidari, B. Knee osteoarthritis prevalence, risk factors,
pathogenesis and features: Part I. Caspian J. Intern. Med.
2:205–212, 2011.
25Heinega˚rd, D., and T. Saxne. The role of the cartilage
matrix in osteoarthritis. Nat. Rev. Rheumatol. 7:50–56,
2011.
26Hunter, D. J., W. Zhang, P. G. Conaghan, K. Hirko, L.
Menashe, L. Li, W. M. Reichmann, and E. Losina. Sys-
tematic review of the concurrent and predictive validity of
MRI biomarkers in OA. Osteoarthr. Cartil. 19:557–588,
2011.
27Juhakoski, R., M. Heliovaara, O. Impivaara, H. Kroger, P.
Knekt, H. Lauren, and J. P. Arokoski. Risk factors for the
development of hip osteoarthritis: a population-based
prospective study. Rheumatology (Oxford) 48:83–87,
2009.
28Kerkhof, H. J. M., S. M. A. Bierma-Zeinstra, N. K. Arden,
S. Metrustry, M. Castano-Betancourt, D. J. Hart, A.
Hofman, F. Rivadeneira, E. H. G. Oei, T. D. Spector, A.
G. Uitterlinden, A. C. Janssens, A. M. Valdes, and J. B. J.
van Meurs. Prediction model for knee osteoarthritis inci-
dence, including clinical, genetic and biochemical risk fac-
tors. Clin. Epidemiol. Res. 73:2116–2121, 2014.
29Khanna, V., and P. E. Beaule. Deﬁning structural abnor-
malities of the hip joint at risk of degeneration. J. Hip
Preserv. Soc. 1(1):12–20, 2014.
30Kim, K. W., J. W. Han, H. J. Cho, C. B. Chang, J. H. Park,
J. J. Lee, S. B. Lee, S. C. Seong, and T. K. Kim. Associ-
ation between comorbid depression and osteoarthritis
symptom severity in patients with knee osteoarthritis. J.
Bone Joint Surg.-Am. 93A:556–563, 2011.
31Kraus, V. B., F. J. Blanco, M. Englund, M. A. Karsdal,
and L. S. Lohmander. Call for standardized deﬁnitions of
osteoarthritis and risk stratiﬁcation for clinical trials and
clinical use. Osteoarthr. Cartil. 2015. doi:10.1016/j.joca.
2015.03.036.
32Kraus, V. B., B. Burnett, J. Coindreau, S. Cottrell, D. Eyre,
M. Gendreau, J. Gardiner, P. Garnero, J. Hardin, and Y.
Henrotin. Application of biomarkers in the development
of drugs intended for the treatment of osteoarthritis.
Osteoarthr. Cartil. 19:515–542, 2011.
33Lee, D. W., X. Banquy, and J. N. Israelachvili. Stick-slip
friction and wear of articular joints. PNAS 110:E567–E574,
2013.
34Li, Y., E. H. Frank, Y. Wang, S. Chubinskaya, H.-H.
Huang, and A. J. Grodzinsky. Moderate dynamic com-
pression inhibits pro-catabolic response of cartilage to
mechanical injury, tumor necrosis factor-a and interleukin-
6, but accentuates degradation above a strain threshold.
Osteoarthr. Cartil. 21:1933–1941, 2013.
35Lloyd, D. G., and T. F. Besier. An EMG-driven muscu-
loskeletal model to estimate muscle forces and knee joint
moments in vivo. J. Biomech. 36:765–776, 2003.
36Loening, A. M., I. E. James, M. E. Levenston, A. M.
Badger, E. H. Frank, B. Kurz, M. E. Nuttall, H. H. Hung,
S. M. Blake, A. J. Grodzinsky, and M. W. Lark. Injurious
mechanical compression of bovine articular cartilage in-
Predicting Knee Osteoarthritis
duces chondrocyte apoptosis. Arch. Biochem. Biophys.
381:205–212, 2000.
37Loeser, R. F., S. R. Goldring, C. R. Scanzello, and M. B.
Goldring. Osteoarthritis: a disease of the joint as an organ.
Arthritis Rheum. 64:1697–1707, 2012.
38Losina, E., M. E. Daigle, L. G. Suter, D. J. Hunter, D. H.
Solomon, R. P. Walensky, J. M. Jordan, S. A. Burbine, A.
D. Paltiel, and J. N. Katz. Disease-modifying drugs for
knee osteoarthritis: can they be cost-effective? Osteoarthr.
Cartil. 21:655–667, 2013.
39Maroudas, A. Physicochemical properties of articular car-
tilage. In: Adult Articular Cartilage, edited by M. A. R.
Freeman. Tunbridge Wells: Pitman, 1979, pp. 215–290.
40Martin, K. R., D. Kuh, T. B. Harris, J. M. Guralnik, D.
Coggon, and A. K. Wills. Body mass index, occupational
activity, and leisure-time physical activity: an exploration
of risk factors and modiﬁers for knee osteoarthritis in the
1946 British birth cohort. BMC Musculoskelet. Disord.
14:219, 2013.
41McAlindon, T. E., R. R. Bannuru, M. C. Sullivan, N. K.
Arden, F. Berenbaum, S. M. Bierma-Zeinstra, G. A.
Hawker, Y. Henrotin, D. J. Hunter, H. Kawaguchi, K.
Kwoh, S. Lohmander, F. Rannou, E. M. Roos, and M.
Underwood. OARSI guidelines for the non-surgical man-
agement of knee osteoarthritis. Osteoarthr. Cartil. 22:363–
388, 2014.
42McNary, S. M., K. A. Athanasiou, and A. H. Reddi.
Engineering lubrication in articular cartilage. Tissue Eng.
Part B: Rev. 18:88–100, 2012.
43McWilliams, D. F., B. F. Leeb, S. G. Muthuri, M. Doh-
erty, and W. Zhang. Occupational risk factors for
osteoarthritis of the knee: a meta-analysis. Osteoarthr.
Cartil. 19:829–839, 2011.
44Michae¨lsson, K., L. Byberg, A. Ahlbom, H. Melhus, and B.
Y. Farahmand. Risk of severe knee and hip osteoarthritis
in relation to level of physical exercise: a prospective cohort
study of long-distance skiers in Sweden. PLoS One
6:e18339, 2011.
45Mills, P. M., Y. Wang, F. M. Cicuttini, K. Stoffel, G. W.
Stachowiak, P. Podsiadlo, and D. G. Lloyd. Tibio-femoral
cartilage defects 3–5 years following arthroscopic partial
medial meniscectomy. Osteoarthr. Cartil. 16:1526–1531, 2008.
46Miyazaki, T., M. Wada, H. Kawahara, M. Sato, H. Baba,
and S. Shimada. Dynamic load at baseline can predict
radiographic disease progression in medial compartment
knee osteoarthritis. Ann. Rheum. Dis. 61:617–622, 2002.
47Roos, E. M., W. Herzog, J. A. Block, and K. L. Bennell.
Mechanical weakness, afferent sensory dysfunction and exer-
cise in knee osteoarthritis.Nat. Rev. Rheumatol. 7:57–63, 2011.
48Shoda, L., H. Kreuwel, K. Gadkar, Y. Zheng, C. Whiting,
M. Atkinson, J. Bluestone, D. Mathis, D. Young, and S.
Ramanujan. The Type 1 Diabetes PhysioLab Platform: a
validated physiologically based mathematical model of
pathogenesis in the non-obese diabetic mouse. Clin. Exp.
Immunol. 161:250–267, 2010.
49Smith, D. W., B. S. Gardiner, J. B. Davidson, and A. J.
Grodzinsky. Computational model for the analysis of
cartilage and cartilage tissue constructs. J. Tissue Eng.
Regen. Med. doi:10.1002/term.1751.
50Spector, T. D., and A. J. MacGregor. Risk factors for
osteoarthritis: genetics. Osteoarthr. Cartil. 12(Suppl A):
S39–S44, 2004.
51Stewart, M. G., and R. E. Melchers. Probabilistic Risk
Assessment of Engineering Systems. London, UK: Chap-
man & Hall, 1997.
52Sturla, S. J., A. R. Boobis, R. E. FitzGerald, J. Hoeng, R.
J. Kavlock, K. Schirmer, M. Whelan, M. F. Wilks, and M.
C. Peitsch. Systems toxicology: from basic research to risk
assessment. Chem. Res. Toxicol. 27:314–329, 2014.
53Sui, Y., J. H. Lee, M. A. DiMicco, E. J. Vanderploeg, S. M.
Blake, H.-H. Hung, A. H. K. Plaas, I. E. James, X.-Y. Song,
M. W. Lark, and A. J. Grodzinsky. Mechanical injury
potentiates proteoglycan catabolism induced by interleukin-
6 with a soluble interleukin-6 receptor and tumor necrosis
factor a in immature bovine and adult human articular
cartilage. Arthritis Rheum. 60:2985–2996, 2009.
54Takahashi, H., M. Nakajima, K. Ozaki, T. Tanaka, N.
Kamatani, and S. Ikegawa. Prediction model for knee
osteoarthritis based on genetic and clinical information.
Arthritis Res. Ther. 12:R187–R192, 2010.
55Teichtahl, A. J., S. Smith, Y. Wang, A. E. Wluka, O. S.
Richard, G. G. Giles, and F. M. Cicuttini. Occupational
risk factors for hip osteoarthritis are associated with early
hip structural abnormalities: a 3.0T magnetic resonance
imaging study of community-based adults. Arthritis Res.
Ther. 17:19, 2015.
56Valdes, A. M., M. Doherty, and T. D. Spector. The addi-
tive effect of individual genes in predicting risk of knee
osteoarthritis. Ann. Rheum. Dis. 67:124–127, 2008.
57Valdes, A. M., and T. D. Spector. Genetic epidemiology of
hip and knee osteoarthritis. Nat. Rev. Rheumatol. 7:23–32,
2011.
58Wang, Y., A. R. Dempsey, D. G. Lloyd, P. M. Mills, T.
Wrigley, K. L. Bennell, F. Hanna, and F. M. Cicuttini.
Patellofemoral and tibiofemoral articular cartilage and
subchondral bone health following arthroscopic partial
medial meniscectomy. Knee Surg. Sports Traumatol. Ar-
throsc. 20:970–978, 2012.
59Woodhouse, F. G., B. S. Gardiner, and D. W. Smith. Short-
term consolidation of articular cartilage in the long-term
context of osteoarthritis. J. Theor. Biol. 368:102–112, 2015.
60Yusuf, E. Metabolic factors in osteoarthritis: obese people
do not walk on their hands. Arthritis Res. Ther. 14:123,
2012.
61Zhang, W. Y., and M. Doherty. How important are genetic
factors in osteoarthritis? Contributions from family studies.
J. Rheumatol. 32:1139–1142, 2005.
62Zhang, L., B. S. Gardiner, D. W. Smith, P. Pivonka, and A.
J. Grodzinsky. On the role of diffusible binding partners in
modulating the transport and concentration of proteins in
tissues. J. Theor. Biol. 263:20–29, 2010.
63Zhang, Y., and J. M. Jordan. Epidemiology of
osteoarthritis. Clin. Geriatr. Med. 26:355–369, 2010.
64Zhang, W., D. F. McWilliams, S. L. Ingham, S. A. Doh-
erty, S. Muthuri, K. R. Muir, and M. Doherty. Notting-
ham knee osteoarthritis risk prediction models. Ann.
Rheum. Dis. 70:1599–1604, 2011.
65Zhang, L., S. Miramini, D. W. Smith, B. S. Gardiner, and
A. J. Grodzinsky. Time evolution of deformation in a
human cartilage under cyclic loading. Ann. Biomed. Eng.
43(5):1166–1177, 2015.
66Zhang, L., D. W. Smith, B. S. Gardiner, and A. J.
Grodzinsky. Modeling the insulin-like growth factor sys-
tem in articular cartilage. PLoS One 8:e66870, 2013.
67Zhang, M., and J. Wang. Epigenetic regulation of gene
expression in osteoarthritis. Genes Dis. 2(1):69–75, 2015.
68Zhou, Z.-Y., Y.-K. Liu, H.-L. Chen, and F. Liu. Body
mass index and knee osteoarthritis risk: a dose-response
meta-analysis. Obesity 22:2180–2185, 2014.
GARDINER et al.
